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1 Introduction
The Modern Portfolio Theory, often called MPT is a theory in finance developed
by the famous Harry Markowitz in his paper ”Portfolio Selection”, The Journal of
Finance (1952)1. It attempts to maximize the expected return of a portfolio for a
given amount of risk, by carefully choosing the assets. The concept behind the the-
ory is that the assets in an investment portfolio should be selected individually, in
addition to considering how each asset changes in price relative to every other asset
in the portfolio. It is also a requirement that the expected returns and covariances
of the assets in the portfolio are known. Investment is all about to find a balanced
trade-off between risk and return. The stocks in a portfolio are chosen depending
on the investors risk tolerance. In general an efficient portfolio is said to have a
combination of at least two stocks above the minimum-variance portfolio. Simply
the concept behind the MPT can be explained in to ways, for a given amount of
risk the theory describes how to select a portfolio with the highest expected return
or it explains how to select a portfolio with the lowest possible risk.
Despite the theoretical importance of the theory, Markowitz invented critics question
whether it is an ideal investment strategy, because its model of financial markets
does not match the real world in many ways. One of the most interesting further
developments of the model was published 1990, at Goldman Sachs by Fisher Black
and Robert Litterman. They invented the Black-Litterman asset allocation model,
a sophisticated mathematical model which combines the two main theories of the
MPT, the Capital Asset Pricing Model (CAPM) and the mean-variance optimiza-
tion theory. The construction of the method seeks to overcome the problems that
investors have encountered in applying the MPT, such as high input-sensitivity and
mean-variance maximisation.
What Black-Litterman added to the MPT was a Bayesian approach to combine the
subjective views of an investor regarding the expected returns of one or more assets
with the market equilibrium vector of expected returns to form a new mixed estimate
of the expected returns. The advantage of the method is that it takes specific opin-
ions about the asset return into account; the model seems to tilt the portfolio from
natural starting point towards the assets where investors have specified views, hence
avoiding the problem with unintuitive, highly concentrated mean-variance portfolios.
A lot of further research and papers have been published regarding the Black-
Litterman model, in order to practically explain the idea and concept behind it.
The research is clearly very interesting but there seems to be a common trait among
the published work; there is some uncertainty how to define the required parameters
of the model. Another interesting issue is the study of who actually can apply the
1Markovitz (1952)
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model in real life, and how much experience and insight in the field is required be-
fore trying to use the method. Some critics to the Black-Litterman allocation model
says that method can only be used by experienced risk managers. Unfortunately,
because of this, the question of how input-sensitive the Black-Litterman model is
arises.
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1.1 Aim with thesis
The purpose of this paper is to explain the Black-Litterman allocation model as de-
tailed and easily as possible and provide a complete description of how in practical
implement the model on the Swedish stock-market.
Eighth allocations will be made based on the theory from the model and finally
compared with a benchmark Index.
3
2 The Black-Litterman model
2.1 The ”master” formula
Prior to the application of the method, we need to extensively explain the model.
In this section we present the final formula of the expected Combined return vector
which we are heading,
E[R]BL =
[
(τΣ) 1 + P TΩ 1P
] 1[
(τΣ) 1Π+ P TΩ 1Q
]
. (1)
Where,
E[R]BL is the new combined return vector
τ is the weight-on-views scalar
Σ is the covariance matrix
P is the matrix that identifies the asset involved in the different views
Ω is a matrix that identifies the uncertainty in the views
Π is the implied equilibrum return vector
Q is the estimated return vector for every different view
It is very important to be aware of the fact, what the investor put in this formula
will affect the outcome. On the next page a common way of deriving the formula is
presented.
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Figure 1: Deriving new expected Combined return vector, E[R]BL (Idzorek,2004)
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2.2 Basic Assumptions of the model
Below a list of the basic assumptions for the Black-Litterman allocation model is
presented. Note that an understanding of this is required when trying to apply the
model.
Returns are normally distributed as ∼ N(E[R],Σ).
Also the expected values of the returns are Normal distributed.
Expected returns do not tend to deviate far from the equilibrium re-
turns.
The best guess for the expected returns are given by the so called re-
verse optimization.
The views of the investor are uncorrelated.
The Covariance matrix can be determined.
2.3 Calculation of Black-Litterman model
In this section the original derivation of the Black-Litterman model is presented,
following the guidance provided by He and Litterman (1999). In order to facilitate
and increase understanding of the calculations we recommend you to check out the
basic assumptions once more.
Consider a market of N assets, whose returns are normally distributed as,
R ∼ N(E[R],Σ). (2)
Further in this paper this formula is refereed to as the reference model. The mean
E[R] can not be known with 100% certainty and therefore Black-Litterman suggest
it to be modelled as a random variable,
E[R] ∼ N(Π, τΣ).
Where Π represent the best guess possible for the mean and τΣ represent the uncer-
tainty of this particular guess. Π is obtained by solving formula (2) assuming CAPM
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equilibrium2 and the scalar τ implies that the covariance should be proportional to
the covariance matrix of the true accurate returns.
In addition to the CAPM prior distribution the Black-Litterman allocation model
allows investors to have different views on the market returns. Further they consider
views on expectation where the views of an investor conditional on the mean can be
expressed as,
PE[R] ∼ N(Q,Σ).
Where P is the matrix that identifies the asset involved in the different views and
Q is the estimated return vector for every different view. These parameters are
described in detail in Section 3.
To obtain the posterior distribution of the expected returns Black-Litterman uses a
Bayesian approach combining the CAPM prior with the investor views. The result
after applying the framework is,
E[R] | Q; Ω ∼ N(E[R]BL,Σ
E[R]
BL ).
Since all the expected returns are random variables by themselves the reference mar-
ket (2) model can be rewritten as R
d
= E[R] + Z where Z ∼ N(0,Σ)3.
The outcome is the posterior market model which is incorporating the views ex-
pressed as,
R | Q; Ω ∼ N(E[R]BL,ΣBL).
From this formula we obtained the so called ”master formula” for the entire model
where,
E[R]BL =
[
(τΣ) 1 + P TΩ 1P
] 1[
(τΣ) 1Π+ P TΩ 1Q
]
.
In 2008 Meucci4 published his first paper were he describes the derivation of the
model with complete proofs in detail. He proposed a modified version of the master
formula in order to simplify calculations,
E[R]MEUCCI = Π+ τΣP
T (τPΣP T +Ω)−1(Q− PΠ).
Under the assumption that E[R] and Z are independent and not correlated at all.
2He and Litterman (1999)
3Meucci (2008)
4Meucci (2008)
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The variance of the return is given by,
ΣBL = Σ
E[R]
BL +Σ.
After some simplifications the variance can be expressed as,
ΣBL = (1 + τ)Σ− τ
2ΣP T (τPΣP T +Ω)−1PΣ. (3)
Once the mean and the variance are obtained one can find the optimal portfolio
weigths (wˆBL) using the standard mean-variance optimization method. If there are
no restrictions these optimal weights are find by solving the following equation ac-
cording to both He and Litterman (1999) and Meucci (2008)5 6,
wˆBL = (λΣBL)
−1E[R]BL. (4)
2.4 Expected returns
As the first step in the Black-Litterman asset allocation one needs to find the neu-
tral starting point, when this is determined the vector of Implied returns (Π) can
be found with help of reverse optimization method using the market capitalization
weights and the covariance matrix for returns.
With help of the theory behind the Capital Asset Pricing Model (CAPM), which
is a pricing framework for determining the equilibrium expected return for risky
assets, we use the fact that the CAPM Market Portfolio is on the efficient frontier
and therefore must be a solution to the unconstrained maximization problem,
max
(
wTΠ−
λ
2
wTΣw
)
. (5)
Where,
w is vector of portfolio weights
Π is the vector of implied excess return for each asset
λ is the risk aversion coefficient
Σ is the covariance matrix
5Meucci(2008)
6He and litterman (1999)
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The solution in absence of constraints to the maximisation formula is here presented
without proof,
Π = λΣwmkt.
To actually be able to solve formula (5) first one needs to find the risk aversion coef-
ficient λ which characterizes the trade-off between risk and return. This parameter
is by Satchell & Scowcroft 7 suggested to set as,
λ =
(E(r)− rf )
(σ2)
.
After plugging in the values of Σ and wmkt, Black-Litterman obtains the implied
equilibrium excess return vector, Π.
The first parameter needed in order to solve the master formula (1) and find the
Black-Litterman expected returns is found.
7Satchell and Scowcroft (2000)
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3 Views
As explained, the Black-Litterman model uses the equilibrium returns as a neutral
starting point and these returns are obtained by reverse optimization. The main
theory behind the method is combining the expected return with different views. In
finance, a view is a specific opinion about future asset return.
According to the previous research, the main difficulty when applying the Black-
Litterman model is articulate to how these components should be determined. In
Section 2.1 the master Formula is presented (1), as can be seen there are four differ-
ent parameters related to the views that needs to be set carefully in order to achieve
a portfolio with a higher expected return.
τ is the weight-on-views scalar
P is the matrix that identifies the asset involved in the different views
Q is the estimated return vector for every different view
Ω is a diagonal matrix that identifies the uncertainty in the views
In this section we are going to interpret each of them one-by-one as easily as possi-
ble. To clarify the notation going further, m will be the number of different views
on n number of assets.
3.1 How to determine τ
One of the most cumbersome part in the Black-Litterman model is how to set the
parameter, τ , in literature often called the ”weight-on-views”. τ is a scalar that
explains the uncertainty of the estimated equilibrium mean returns, but various
mathematicians have different opinions of how this parameter should be set. Most
of them seem to agree that τ must take a low value somewhere between 0 and 1.
Below some of the different suggested approaches are presented.
Black-Litterman (1990) τ should be set close to zero. When the first paper was
published they motivated a low τ by the following:”Because the uncertainty
in the mean is much smaller than the uncertainty in the return it self”. Also
Idzorek (2004) shares the same view.
Lee (2000) According to Lee, who has long experience of applying the method to
real life situations typically sets τ between 0.01 and 0.05.
Blamont and Firoozye (2003) sets τ =
1
N
, where N is the number of observa-
tions.
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Meucci (2008) Meucci sets τ =
1
T
, where T is the length of the chosen time series.
According to these different approaches, it is easy to conclude that τ should be se-
lected differently in variety of situations.
Note: Later, in this paper we will use the strategy proposed by Black-Litterman
themselves to set the value of τ .
3.2 The P-matrix and Q-vector
In this section we are going to briefly describe how to set up the ”pick” matrix (P ),
which connects the assets belonging to a specific view and the vector (Q) which
contains information about the expected excess return of each view. These two are
linked to each other. Further, the Black-Litterman model allows the concerned in-
vestors to express their views either as absolute or relative. If the view is absolute
the linked row in the P -matrix sum up to 1 and in the other case it will sum up
to 0. Note that the Black-Litterman model does not require an investor to specify
views on all the assets available.8
The best way to illustrate how to assign the views is with an example, so lets
look at a very simple case containing 6 different stocks and 2 views, one absolute
and one relative.
3.2.1 Example 1
First, the investor believes that stock 1 and 4 together will excess a 2% higher return
than the stock pair 5 and 6 the next year. Second the investor has an absolute view
that stock 2 will have an excess return of 6% the next year. These views will result
in the following P and Q,
Q =
(
2%
6%
)
,
P1 =
(
0.5 0 0 0.5 −0.5 −0.5
0 1 0 0 0 0
)
.
As can be seen above the relative view from Q corresponds to the first row in P
8Idzorek (2004)
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and it sums to 0 as expected. The absolute view corresponds to the second row and
it sums to 1. The relative view contains more then two assets and the literature
provides different approaches on how to assign the P -matrix in this case. The most
common way to deal with relative views containing more then two assets today were
introuced by He Litterman (1999), subsequently Idzorek (2004), and they propose
to set the weigths proportional to the market capitalization of the assets. If for
example stock 1 has a market capitalization 7 times higher than stock 4 the matrix
P1 will be modified to,
P2 =
(
0.7 0 0 0.3 −0.5 −0.5
0 1 0 0 0 0
)
.
An alternative way, suggested by Satchell and Scowcroft (2000) is to set the weights
of a relative view equal. This is actually what is shown in P1.
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3.3 Uncertainity in the views, Ω
The uncertainty matrix contains the variance of the views and since two of the main
assumption of the Black-Litterman model is that an investors views are independent
and uncorrelated the Ω will be a m ×m diagonal-matrix. In this case the matrix
looks like,
Ω =


ω1 0 0 0
0
. . . 0 0
0 0
. . . 0
0 0 0 ωm


where ωm is the uncertainity in the m:th view. If ω = 0 it means that the investor
is 100% confident about the view10.
In the first paper published by Black-Litterman they did not provide an intuitive
and practical way of how to define the uncertainty in the views. Scholars agree
that this is the most common cause of error in the model and some of them do not
even suggest that the covariances between the views are 0, hence Ω to be a diagonal
matrix. Various mathematicians have developed and proposed their strategy of how
to specify this a bit hazy matrix. Some of the most important are presented below.
9Satchell and Scowcroft (2000)
10Idzorek (2004)
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3.3.1 Proportional to the variance of the prior, Σ
Both He Litterman (1999) and Meucci (2008) assume that the elements of Ω will be
proportional to the variance of the asset returns.11 Despite this, they use different
formulas to calculate the required matrix. The most common used equation for
solving the problem is the one purposed by He and Litterman,
Ω = τ · diag(PΣP T ).
Meucci (2008) does not consider about neither our uncertainty scalar τ or to di-
agonalize the matrix. In his formula he introduce another parameter c > 0 which
represent a new overall confidence level in the views,
Ω =
1
c
PΣP T . (6)
A frequently used value of c is often τ−1 because it tends to simplify the calculations
of the model.
3.3.2 User-specified confidence levels, Idzoreks method
Thomas Idzorek (2004) stated in his paper12 that there may be other sources of in-
formation in addition to the variance of the view portfolio that affects an investors
confidence in a view. He mentioned that there must be several factors affecting the
uncertainty, such as the historical accuracy or score of the model. With this in mind
he developed a new user-specified method to calculate the matrix, called Idzoreks
Method. The basic theory behind the method is that he lets the investor assign a
value between 0-100%, based on how confident he is in each of the views.
He starts by calculating the optimal weight vector, w100% in the case where the
investor is 100% confident in all of the m-views. Earlier in the beginning of Section
3, we stated that this is done by setting all the elements in the uncertainty matrix
to 0. If Ω = 0 and we put this into the ”master formula” (1) we obtain a new vector
of combined return given complete certainty,
E[R100%] = Π + τΣP
T (PτΣP T )−1(Q− PΠ). (7)
Using formula (7) for each of the view and substituting E[Rm,100%] for E[R]BL in
11Walters (2009)
12Idzorek (2004)
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formula (4) he can obtain the required wm,100%. He proposes the next step is to
calculate the tilt of the portfolio weight caused by the m:th view as,
Tiltm ≈ Cm(wm,100% − wmkt)
where Cm is the confidence set by the investor in view m. He continues and obtains
the approximate recommended weight vector for each view,
wm,% ≈ wmkt + Tiltm. (8)
Using the obtained n × 1 column vector from formula (8) for each of the views, he
finds the value of ωm > 0 that minimizes,
min
∑
| wm,% − wm |
2
where,
wm = (λΣ)
−1
[
(τΣ) 1 + P Tmω
1
mPm
] 1[
(τΣ) 1Π+ P Tmω
1
mQm
]
.
Holding τ fixed and iterating this process for each of the views, pretending it is the
only one, he finally obtains all the diagonal elements (ωm) of the uncertainty matrix.
The resulting matrix Ω will be of dimension m×m.
3.3.3 Other proposed ways of specifing, Ω
The two most common used way of defining the uncertainty matrix are stated above
but there are of course many ways to do this. In this section we briefly describe
some different author’s opinion. Mannkert (2006)13 proposes to find the diagonal
elements of the matrix by using a confidence interval for each view. She makes an
assumption that you as an investor should look at the views as probability distribu-
tions. Consequently, that the investor believes that in 23 of the cases the return of
the view should be equal to,
Rview = Vi ± ωi.
Another way was discussed by Beach and Orlov (2006)14, they suggested to use the
13Mannkert (2006)
14Beach and Orlov (2006)
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variance from the residual from a factor model. With a quite advanced regression
they used a EGARCH-M-model to procreate the views and with the results they
were able to estimate all the parameters linked to the views, inter alia Ω.
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4 Practical implementation
In this section we are going to apply the Black-Litterman model to the Swedish
stock-market, and do annual updates of a portfolio and compare it against a cho-
sen benchmark index, OMXSBPI. The 1:st January every year between 2007-2014
a new allocation will be made of our portfolio, from now on we call this portfolio,
BL-portfolio.
The aim of this section is to prove whether the Black-Litterman model is appli-
cable and generates higher return for a lower risk.
In the first subsection we present our suggested method and how we choose to
determine all the parameters of the model. In the second subsection, we will guide
the reader through all the calculations and the resulting portfolio we obtain for our
first allocation made year 2007, in detail. Finally in a third subsection, we present
the overall results for the other 7 allocations and compare them against each other.
4.1 Proposed method
4.1.1 Benchmark index: OMXSBPI
We chose the OMX Stockholm Benchmark index (OMXSBPI) as our comparative
index for the study. The index consists of a selection of some of the biggest Swedish
companies. Choosing an index that containing only Swedish stocks let us abandon
the issue to take foreign currencies into account, which makes the calculation of the
Black-Litterman allocations far more simple. Further, the stocks in the index are the
most traded ones at the market and they represent a majority of the super-sectors.15
In Table 1 we present the distribution of the subsections in the Index, the numbers
are collected in May 2015.
The structure of the index makes it a good indicator of the overall performance on
NASDAQ OMX Stockholm. Every year the Index is updated twice, once in January
and once in July. This means that different stocks are added and removed from it
every year, which in turn leads to that the number of constituents are changed and
also the number of available assets to chose among each year for me as a fictional
investor. To obtain required market weigths (wmkt) for the allocation we are using
data from January each year collected from the Index Operations department at
Nasdaq Nordics.
15https://indexes.nasdaqomx.com/Index/Overview/OMXSBPI
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Index distribution
Oil & Gas 0.84%
Basic Materials 3.19%
Industrials 27.79%
Consumer Goods 8.53%
Health care 4.94%
Consumer Services 9.90%
Telecommunications 4.67%
Utilities 0.02%
Financials 33.20%
Technology 6.93%
Table 1: Distribution of OMXSBPI, 18th May 2015.
4.1.2 Data collection
To obtain the historical returns required to make a new allocation we obtain the
daily closing price for each stock available to chose among the given year. This data
is collected from Nasdaq Nordic’s website. For every new allocation, historical data
from 3 years back in time is collected. The historical return is then calculated with
the well know formula,
Historical return =
Closing pricetoday − Closing priceyesterday
Closing priceyesterday
.
For example if we want to do a new allocation of the BL-portfolio for year 2007
historical data from 2004-2006 is used.
4.1.3 Assigning the views
It has been discussed earlier in the paper, the question of how to assign the views
and all the parts related to it is one of the most cumbersome parts of the Black-
Litterman model. Here we present a suggested approach of how to do this in our case.
To be able to achieve a satisfying output when trying to apply the Black-Litterman
model one needs to have a complete overview of the market and be extremely
well-informed. Unfortunately we don’t have enough knowledge about the Swedish
stock/market to assign our own opinions, this means that we are going to rely on
investors that works with stock-analysis.
A first problem is how to obtain the historical views. Since we want to do the
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first allocation already 2007 we need to collect historical analysis about the different
stocks available for each allocation made before the 1st of January for each year
and allocation. For this purpose we use an online service provided by the Swedish
magazine Dagens Industri. The service is called DI Stockwatch which lets us obtain
historical stock-analysis made by some of the most appreciated banks and equity-
firms in the world. In the list we find for example JP Morgan, Goldman Sachs,
Deutsche Bank, Morgan Stanley, Credit Suisse etc. but also some of the biggest
ones located in Sweden such as Handelsbanken Capital Markets, Swedbank and
SEB Equities. For each allocation of the BL-portfolio as many views as possible
are collected in order to gain higher return in the end. Due to lack of available
data every view is set to be absolute, which means that for every allocation the row
of the pick matrix P will sum up to 1. Each view collected from Stockwatch will
contain the target price for the stock related to the view at the end of the allocation
year. With other words the views are based on the assumption of 1 year investment
horizon.
The values in the estimated return vector for every different view, Q, are calcu-
lated with these target prices as follows,
Q =
1
252
·


target price(1,year−12−30)
stock price(1,year−01−01)
− 1
....
....
....
....
....
....
target price(m,year−12−30)
stock price(m,year−01−01)
− 1


where m as before is the total number of views collected for a given year and 252 is
the average number of trade days in Sweden.
We choose to define the weight on views scalar, τ by the method first suggested
by Black-Litterman. For the practical implementation the value of τ = 0.05 is used.
The m ×m matrix Ω represent the uncertainty in the views. This matrix is very
hard to set and there are several ways to define it as explained in Section 3.3. Since
in our case we do not assign the views by own opinions it is hard to apply Idzoreks
Method, even if it is a very interesting approach. Further there is no ideal way of
ranking the sources of the views. This is what makes the model so hard to evaluate
18
Figure 2: Number of views, data analysis collected from DI Stockwatch.
and use if one is not an Investment manager yourself. To simplify calculations in this
paper we choose to define Ω proportional to the variance of the prior according to
the way purposed by Meucci. His formula (6) of how to set omega is here presented
again,
Ω =
1
c
PΣP T .
We set c = 1/τ , which clearly meet the requirement that c > 0 if τ = 0.05. The
formula then turns into,
Ω = τ · PΣP T
where Ω is a non-diagonal square matrix with the dimension m×m.
In Figure 2, the total number of views collected for each allocation year is presented.
4.1.4 Posterior Covariance-Matrix, ΣBL
It is first when we want to calculate the new optimal weights wˆBL for our BL-
Portfolio a given year we encounter a problem. Recall from Section 2.3 that it is
needed to find the posterior covariance matrix ΣBL in order to obtain these weigths.
Latterly several authors have discovered the difficulties in doing this. In order to
override this cumbersome problem investors normally use the best guess of the prior
covariance matrix Σ but we are going to use formula (3) for this matter. From now
on,
ΣBL = (1 + τ)Σ− τ
2ΣP T (τPΣP T +Ω)−1PΣ.
19
4.1.5 Suggested value of λ
As explained in Section 2.4, λ is a risk aversion coefficient and it is calculated by,
λ =
E(R)p − rf
σ2p
.
For each allocation of the BL-portfolio we use the same λ value. To obtain the value
of the risk-free rate (rf ), data is collected from the Swedish Riksbanks webpage and
an average is calculated16. This daily risk-free rate is approximate, rf ≈ 0, 0000506.
The rate is then subtracted from average mean return of our index over the year
2004-2014. This is actually the definition of the so called market risk premium and
after dividing it with the average market portfolio variance the value of lambda is
obtained,
λ =
Risk Premium
σ2p
,
λ ≈
0, 000332
0, 000198
.
The λ we will use for this practical implementation is,
λ = 1.67.
4.2 Guidance and calculations for the first allocation
4.2.1 Portfolio allocation 2007
To be consistent the date of every new allocation is the 1th January, in this ex-
ample for 2007, we set τ = 0, 05 by the suggestion of Black-Litterman themselves.
The historical data is collected from 1st of January 2004 to last the last trading
day of December 2006. In the sense of missing historical stock-prices these assets
are removed from the the list of the ones available to chose among and the market
weigths (wmkt) are adjusted proportionally between the assets left. For this year the
16http://www.riksbank.se/sv/Rantor-och-valutakurser/Sok-rantor-och-valutakurser/
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list contains of 57 different Swedish assets on Nasdaq OMX Stockholm, all of them
can also be found in the chosen benchmark index, OMXSBPI.
With help of the historical returns from the three years back in time our covariance
matrix Σ is calculated. Using reversed optimization the implied equilibrium returns,
pi is obtained. The resulting vector and the market weigths are presented in Table 3.
Different views are then collected from DI Stockwatch and for the year 2007 we
obtain 13 different views (See Figure 2 for distribution of the number of views). The
views are made by several different financial institutes, but are managed without
peer rankings. With the formula described in Section 4.1.3 the 13 views are trans-
formed into our estimated excess return vector, Q.
Asset Stock price 2007−01−01 Target price 2007−12−30 Q
view 1 Acando B 14,95 18 0,081%
view 2 Atlas Copco B 222 240 0,032%
view 3 Boliden 176 190 0,032%
view 4 Elekta B 144,25 152 0,021%
view 5 Getinge B 153,5 150 -0,009%
view 6 JM 166 145 -0,050%
view 7 Nordea Bank 105,5 100 -0,021%
view 8 SEB A 217,5 224 0,012%
view 9 SECT B 78,5 90 0,058%
view 10 Skanska B 135 143 0,024%
view 11 SKF B 126,5 120 -0,020%
view 12 Tele2 B 100 96,9 -0,012%
view 13 Volvo B 471,5 375 -0,081%
Table 2: Collected views for 2007 and resulting vector of excess return, Q
As can be concluded from Table 2, we have both positive and negative views. For
example, Investor 1 believes that Acando B will perform very well during 2007 and
increase with an average of 0.0081% per day. On the other side Investor 6 think the
JM stock will under perform and decrease with an average of −0.05% per day.
From this vector our link matrix P is created. As we do not rank the investors
one by one we choose to set the uncertainty matrix Ω as suggested in Section 4.1.3.
We now have all of the required data to put in the master formula (1). When incor-
porating the views together with the historical data we find our new expected return
vector, E[R]BL. Further our new covariance matrix is calculated according to for-
mula (10). Plugging this values in formula (11) we obtain the new Black-Litterman
weight vector, wˆBL. This data is also presented in Table 3, and as expected the new
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weigths are moved a bit away from the equilibrium weigths. The direction of the
movement is based on the views, but also the correlation between some asset affects
the new weigths. In this example we calculated the weigths without short selling
restrictions and some of the weigths became negative.
For simplicity in this paper we want all the weigths be positive, so two new restric-
tions are set when calculating our new weigths, first
∑57
i=1wi = 1 and second wi ≥ 0.
The new weigths are calculated in the following way. A 57 × 1 vector is created
which we call wequal. All the elements equal are set to 1/57 = 0.1788 so it sum up
to 1. The target here is to find the values of the weigths that maximises the Sharpe
Ratio. The Sharpe Ratio is a scalar and a high ratio indicates a good-risk-adjusted
performance of the portfolio which is exactly what we want. After rearranging a
bit in the formula and putting our already calculated parameters in it the formula
becomes,
Sharpe Ratio =
wTequalE[R]BL√
wTequalΣBLwequal
.
In order to solve this maximisation problem we put this data into a optimizer, enter-
ing our restrictions, and finally we obtain the new optimal weigths that maximizes
the ratio. This vector for the final weigths we choose to define as wˆBL-res. A quick
check and we see that it sum up to 1. All the vectors obtained so far are compiled
in Table 3 on the next page.
As can be seen from this table we chose to put a lot of weigths in Acando B,
Sectra B and Skanska B. All these companies belong to the ones that we strong
positive views on. Further all this assets have received increased values in the new
Expected return vector, E[R]BL. This strengthens that our algorithm did the job,
since the main theory of Black-Litterman is that the investor should put a lot of
weigths in the asset he believes in and expect an increase in return.
4.2.2 Index performance and comparison with BL-Portfolio, 2007
After a few years of market rally 2007 was a bad year for the Swedish stock-market,
the index went down with 10%, the lowest level noted since in the beginning of
2002. The mortgage crisis in the US affected investors and a pessimistic view on the
market was created. Analysts were afraid that the problems may spread to several
other sectors. The falling dollar meant that the revenue for Swedish exports were
decreasing dramatically. Some of the big companies provided profit warnings which
created even more uncertainty.
For the year 2007 the benchmark index went down with 7.8% according to the
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Asset Π E[R]BL wmkt wˆBL wˆBL−res
ABB Ltd 0,02% 0,01% 1,99% 8,74% 0,00%
ACANDO B 0,02% 0,05% 0,03% 274,32% 32,95%
Alfa Laval 0,02% 0,01% 1,10% 4,84% 0,00%
Autoliv Sdb 0,01% 0,01% 0,25% 1,09% 0,00%
ASSA ABLOY B 0,02% 0,01% 1,81% 7,96% 0,00%
Atlas Copco B 0,02% 0,03% 1,73% 94,55% 6,22%
AXFOOD 0,00% 0,01% 0,34% 1,49% 9,14%
AstraZenica 0,01% 0,01% 4,84% 21,32% 0,00%
Boliden 0,03% 0,03% 1,91% 37,79% 0,00%
Castellum 0,01% 0,02% 0,60% 2,66% 6,65%
Elekta B 0,01% 0,02% 0,50% 44,40% 1,51%
Electrolux B 0,02% 0,01% 1,42% 6,24% 0,00%
ENEA 0,02% 0,01% 0,05% 0,23% 0,00%
ENRO 0,01% 0,00% 0,62% 2,72% 0,00%
Ericsson B 0,03% 0,02% 15,70% 69,11% 0,00%
Fabege 0,01% 0,01% 0,54% 2,36% 0,00%
Getinge B 0,01% 0,00% 1,03% -74,00% 0,00%
GUNN 0,01% 0,01% 0,09% 0,40% 0,00%
HEXA B 0,01% 0,01% 0,64% 2,81% 0,00%
HIQ 0,02% 0,01% 0,08% 0,35% 0,00%
H&M B 0,01% 0,01% 7,11% 31,29% 0,00%
Holmen AB B 0,01% 0,01% 0,62% 2,72% 0,00%
Hufvudstaden A 0,01% 0,01% 0,30% 1,31% 0,00%
IFS B 0,02% 0,02% 0,08% 0,35% 0,00%
Intrum Justitia 0,01% 0,01% 0,26% 1,16% 0,00%
Industriva¨rden C 0,01% 0,01% 0,56% 2,48% 0,00%
Investor B 0,02% 0,01% 2,82% 12,44% 0,00%
JM 0,02% -0,02% 0,58% -68,15% 0,00%
Kinnevik B 0,02% 0,02% 0,92% 4,07% 1,55%
Kungsleden 0,01% 0,01% 0,55% 2,41% 0,00%
LUND B 0,01% 0,00% 0,35% 1,52% 0,00%
Lundin Petroleum 0,02% 0,01% 0,71% 3,11% 0,00%
Meda A 0,01% 0,00% 0,77% 3,37% 0,00%
Modern Times Group B 0,02% 0,01% 0,87% 3,84% 0,00%
Nordea Bank 0,02% 0,00% 8,83% -373,71% 0,00%
NOBI 0,01% 0,01% 0,56% 2,48% 0,00%
ORES 0,01% 0,01% 0,26% 1,14% 0,00%
Ratos B 0,01% 0,01% 0,71% 3,14% 0,00%
Sandvik 0,03% 0,01% 3,99% 17,58% 0,00%
SAS (sek) 0,01% 0,00% 0,31% 1,39% 0,00%
SCA B 0,01% 0,00% 2,66% 11,72% 0,00%
SEB A 0,02% 0,01% 4,69% 257,77% 0,00%
SECT B 0,01% 0,03% 0,08% 131,51% 20,56%
SECU B 0,02% 0,01% 1,23% 5,43% 0,00%
SEMC 0,02% 0,01% 0,04% 0,20% 0,00%
Sv. Handelsbanken A 0,01% 0,01% 3,93% 17,29% 0,00%
Skanska B 0,02% 0,02% 2,01% 251,04% 18,94%
SKF B 0,02% 0,00% 1,85% -2,83% 0,00%
Skistar B pref. B 0,01% 0,00% 0,11% 0,47% 0,00%
SSAB B 0,02% 0,00% 0,38% 1,69% 0,00%
STE R 0,01% 0,00% 0,30% 1,31% 0,00%
Swedbank A 0,01% 0,01% 4,93% 21,69% 0,00%
Swedish Match 0,01% 0,00% 1,43% 6,29% 0,00%
Tele2 B 0,02% 0,00% 1,14% 9,17% 0,00%
TLSN 0,01% 0,00% 4,40% 19,35% 0,00%
Wallenstam B 0,00% 0,01% 0,26% 1,14% 2,49%
Volvo B 0,02% -0,03% 4,16% -796,54% 0,00%
Tot Sum 100,00% 100,00% 100,00%
Table 3: Π, E[R]BL, wmkt, wˆBL and wˆBL-res for 2007.
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set market weigths wmkt. It was a bad year also for the Bl-Portfolio, by the end of
the year it became clear that the portfolio went down with 13.8%. This means that
we delivered worse then the benchmark index even though we incorporated thirteen
different views.
Note that the actual returns are calculated under the assumption that we invest
a given percent of our starting capital according to the weigths. In our case it
means that given a starting capital of 100 million SEK we invested 32.95% of this
amount in Acando B.
Table 4 below shows the actual annual return of the BL-portfolio compared with
the benchmark index. I also present the yearly returns for the assets chosen in my
portfolio.
BL-portfolio Asset Weights, wˆ Returns
Acando B 32,95% -2,41%
Atlas Copco B 6,22% -60,95%
Axfood 9,14% -6,46%
Castellum 6,65% -27,88%
Elekta B 1,51% -26,20%
Kinnevik B 1,55% 27,83%
Sectra B 20,56% -21,71%
Skanska B 18,94% -10,95%
Wallenstam B 2,49% -14,23%
Total 100,00% -13,88%
OMXSBPI
100,00% -7,86%
Table 4: Comparison of the actual returns for allocation year 2007.
The total return is worse in our case since even if we invest a higher percentage
of our capital in the assets with the highest weigths the change in percentage can
be higher for a company where we chosed to put small weigths. For example Atlas
Copco has a higher negative percent change of return then Acando. This means
that even if we invested 32.95% in Acando we lost a much greater amount of money
because of Atlas Copcos negative growth during 2007. This company suffered a lot
from the financial crisis, since US is one of their biggest markets and the revenues
were decreased.
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5 Results
In this section the final results of this paper will be presented. A comparison be-
tween the BL-Portfolio and the benchmark Index is made. After this we will do
analysis of the results to answer if the model really is applicable on the Swedish
Stock-market which was the main purpose for this thesis.
To be consistent in this paper all the new weights are obtained as in the section
above, no negative weigths are allowed in order to simplify the calculations. In Ta-
ble 5, the assets involved in each of the allocations are presented. To make a clearer
picture of what assets actually affected our final returns, weigths lower then 4% has
been removed from this table.
2007 2008 2009
Acando B (32,95%) AstraZenica (27,87%) Elekta B (57,15%)
Sectra B (20,56%) Acando B (14,37%) Tele2 B (19,97%)
Skanska B (18,94%) SCA B (13,50%) Lundin Petroleum (16,48%)
Axfood (9,14%) Eniro (12,72%) Ericsson B (6,40%)
Castellum (6,65%) Cybercom (11,04%)
Atlas Copco B (6,22%) H&M B (7,74%)
2010 2011 2012
Holmen AB B (8,51%) SCA B (32,86%) IFS B (41,27%)
Investor B (8,24% Active Biotech AB (15,19%) Betsson B (15,55%)
AstraZenica (7,75%) ABB Ltd (12,69%) SKF B (14,78%)
Autoliv Sdb (6,07%) AstraZenica (11,02%) SCA B (14,21%)
Wihlborgs Fastigheter (5,88%) Handelsbanken A (7,34%) AstraZenica (6,39%)
Kungsleden (4,56%) Betsson B (5,25%) Electrolux B (6,38%)
SCA B (4,18%) Ericsson B (5,11%)
2013 2014
Meda A (52,55%) Swedish Match (45,87%)
Volvo B (21,16%) SCA B (26,68%)
Nordea Bank (17,20%) NCC B (12,51%)
Betsson B (9,09%) Fabege (6,56%)
Table 5: Assets in my BL-Portfolio with wˆBL-res > 4%, for they years 2007-2014.
This table shows just which stocks actually affected the final returns but it is also
necessary to show the total number of assets in my portfolio each year and if it is
somehow correlated with the number of views we added to the model each year.
This is shown in Table 6 on the next page. From this we can conclude that the
portfolio consist of more assets for the years when we chose put more views in the
algorithm. But there are exceptions, for example the year 2010 we added 24 views
and the portfolio consists of 35 assets and the other way around, 2011 we added
even more views but the portfolio for this year consist only of 11 different assets.
25
Year Number of Views Assets in BL-portfolio
2007 13 9
2008 21 13
2009 17 4
2010 24 35
2011 30 11
2012 28 8
2013 15 4
2014 15 6
Table 6: Total number of assets in the Bl-Portfolio and the number of views added
for every year from 2007-2014.
5.1 Performance of BL-portfolio
When we talk about performance in this section, we talk about the annual returns
for the portfolio. The returns are based on how we chose to allocate the portfolio and
the numbers are calculated as above, with the requirement that no weigths can be
negative. As we all know 2007 was the year when the great financial crisis sneaked
up from behind, but it was also the the year for our first allocation. With the peak in
2008 the crisis hit the world and Swedish Export-Companies where severely affected
of this. The stock-markets went-down and it was expected that our portfolio would
show devastating results during this period as only a handful companies gained on
the crisis.
BL-portfolio annual returns
2007 -13.88%
2008 -32.39%
2009 83.56%
2010 29.48%
2011 -23.68%
2012 21.32%
2013 14.16%
2014 7.46%
Table 7: The annual growth for the BL-Portfolio from year 2007-2014.
From Table 7 we see that the growth of the portfolio started as predicted during
2007-2008 with negative result. The following two years the portfolio rebounded
with record speed yielding really great return of the investments. The joy was of
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short duration, the debt-crisis together with the beginning of euro-crisis affected the
market and the portfolio plummeted down again. The portfolio had in spite of this
gained 8% since the first allocation. Since 2012, the portfolio shown a stable growth
with an annual average return of approximate 14% up ending up with a total return
around 57% since 2007.
5.2 Comparison with index
In order to make this comparison easy to grasp we make an assumption that we got
100 million SEK to invest in the beginning of 2007. Each year a new allocation is
made with the money left from the year before.
The performance of the Stockholm benchmark Index OMXSBPI is presented be-
low together with the Black-Litterman returns.
OMXSBPI Value BL-Portfolio Value
2007 -7.86% 92.14121762 -13.88% 86.11873699
2008 -39.52% 55.72736074 -32.39% 58.2215038
2009 36.45% 76.03771374 83.56% 106.8704475
2010 20.78% 91.83999994 29.48% 138.3810706
2011 -17.79% 75.49863682 -23.68% 105.6136073
2012 10.53% 83.45225683 21.32% 128.1355474
2013 18.31% 98.73203838 14.16% 146.2776184
2014 11.73% 110.3111228 7.46% 157.1858571
Table 8: Annual returns in percent for both the Bl-Portfolio and the benchmark
Index. The value column indicates the value of the given portfolio in million SEK
at the end of each allocation year.
As we can see from Table 8 the returns of our portfolio is very satisfying, we outper-
formed the benchmark Index. Further, the results are very convincing, we survived
the financial crisis and the portfolio made a return of approximately 57% over the
8 years. This means that we have an average annual return of ≈ 7% which is a lot
higher then the benchmarks measly 1.25%. If we invested 100 million SEK in the
beginning of 2007 we would have made almost 60 million SEK in profit.
To be able to analyse the results we present a graph were you can follow the perfor-
mance of both portfolios (Figure 3).
When looking at this graph we can see that the BL-Portfolio follows the benchmark
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Figure 3: Growth in million SEK for both the BL-Portfolio and the benchmark
index. (Starting value = 100 million SEK)
Index with exceptions for the two upswing years 2009-2010. Starting in 2007 both
the index and our portfolio went down because of the coming crisis. It is interesting
to see that our portfolio performed better during 2008, somehow we managed to mi-
ligate the loss. During the two next-coming years our portfolio went up with more
than 100 %. The fact that the portfolio recovered from the great crisis so much
faster then the Index is the main reason for the satisfying results we see in the end
of 2014 when all the results are compiled.
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6 Conclusion
In this section we will analyse the results further and present the final conclusions.
Why did the BL-portfolio perform so much better then the benchmark Index, was
it just luck or can the Black-Litterman model actually be applied without any pro-
fessional knowledge and insights in the Swedish stock-market.
After working with the model for over two months, we can not other than agree
that applying the model does not come without complications. The model is highly
mathematicaly sophisticated and to maximise the output from it one needs to fully
understand the components of it. The outcome depends on what you put in it, inter-
action between the components and the accuracy determining the inputs. Further,
the investor needs to know all the assumptions behind the model but also the risk
and limitations of it in order to achive great results.
When we did our study we did not have the best prerequisites for success. Due
to scarity of data we only have eighth time points we could use for the analysis. If
we had more data available we would receive higher credibility in the results, with
only eighth points to compare and analyse our paper becomes limited. When assign-
ing the views we collected target prices from DI Stockwatch and the uncertainty in
these views were set proportional to the prior covariance matrix. Worth mentioning
is that we only were able to collect absolute vies. We do not believe the way we
assigned the views to be the most efficient. With Idzoreks user-specified method we
could have archived better and more reliable results, but the question remains how
to assign accurate peer rankings of the financial institutes we used. Why should
Goldman Sachs and JP Morgan be more reliable sources then Handelsbanken Cap-
ital Markets for example? Handelsbanken is a major player in Sweden and maybe
their views should be considered to have greater credibility. The best way to assign
these views is probably if you work with portfolio allocation on a professional level
yourself and have your own opinion about the future returns. If this is the case I
believe Idzoreks suggested way of assigning the views provide a smart solution to
the problem. The purpose of this paper was to apply the model on the Swedish
market and in order to do this we needed to find historical views, with this in mind
we believe that assigning the uncertainty in the views proportional to the covariance
matrix was the most efficient way.
We added a lot of restrictions to simplify the calculations of the model which may
affected the outcome. In order to evade the problem with foreign currencies we
decided to only invest in Swedish companies listed on the market in Swedish kronor
(SEK). Further, two restrictions were made when determining the new weigths, the
entire capital was needed to be fully invested for each allocation and also, we did not
accept short selling. This decisions affected our results, for example the unrestricted
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model suggested that for year 2008 we should go short in Volvo B with almost 800%
of our portfolio. If we would have done this it turned out that we would have sur-
vived the crisis and the final results would appear slightly different.
When looking at the results we can not escape the fact that our portfolio outper-
formed the benchmark index over the eighth years. This is very interesting, without
any prior knowledge about portfolio allocation and zero years working experience in
the field we obtained an annual average return of ≈ 7%.
Despite this the model seems to solve the problems it aiming to, instead of estimat-
ing the expected returns directly it uses this very complicated algorithm together
with the views and in the end it accomplish to avoid highly concentrated mean-
variance portfolios. The model offers a nice and consistent framework to work with,
although there is no clear-cut solution on how to set the parameters of the model. I
have a strong belief that the model is adding value as a portfolio allocation tool for
investors all over the world.
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7 Further research
Due to the scarcity of data it is hard to evaluate the results, therefore it would be
interesting to do a similar study with more data collected. Moreover, in order to
enhance the trust for this paper, it can be expanded with using a wider range of
assets for each allocation. Due to strong covariance between some of the assets it
would be of value to carefully remove some of them before trying to use the model.
In our case I think it would be interesting to see what happens if Investor B is
deleted, this company is strongly correlated with a lot of other Swedish companies
and clearly caused some co-movements. The eternal question of whether it is worth
investing in Banks or not may also be considered.
To simplify the calculations of the model a lot of restrictions were added, for exam-
ple we did not accept short selling and foreign stocks in our portfolio. Probably the
results would appear slightly different if these were removed.
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